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Abstract

Current multi-view 3D object detection methods typically
transfer 2D features into 3D space using depth estimation
or 3D position encoder, but in a fully data-driven and im-
plicit manner, which limits the detection performance. In-
spired by the success of radiance fields on 3D reconstruc-
tion, we assume they can be used to enhance the detector’s
ability of 3D geometry estimation. However, we observe
a decline in detection performance, when we directly use
them for 3D rendering as an auxiliary task. From our anal-
ysis, we find the performance drop is caused by the strong
responses on the background when rendering the whole
scene. To address this problem, we propose object-centric
radiance fields, focusing on modeling foreground objects
while discarding background noises. Specifically, we em-
ploy Object-centric Radiance Fields (OcRF) to enhance
3D voxel features via an auxiliary task of rendering fore-
ground objects. We further use opacity - the side-product of
rendering- to enhance the 2D foreground BEV features via
Height-aware Opacity-based Attention (HOA), where atten-
tion maps at different height levels are generated separately
via multiple networks in parallel. Extensive experiments on
the nuScenes validation and test datasets demonstrate that
our OcRFDet achieves superior performance, outperform-
ing previous state-of-the-art methods with 57.2% mAP and
64.8% NDS on the nuScenes test benchmark. Code is avail-
able at https://github.com/Mingqj/OcRFDet.

1. Introduction

Multi-view 3D object detection plays a crucial role in au-
tonomous driving. This task involves predicting object cat-
egories and their 3D coordinates based solely on multi-
view RGB images. Currently, most detectors in this field
project image features to the Bird’s Eye View (BEV) space,
and thus the main challenge lies in estimating 3D geome-
try within the BEV space using only RGB images. To ad-
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Figure 1. Comparison of previous radiance field methods directly
applied to the baseline and our proposed OcRF applied to the
baseline. Previous methods, whether using a single or joint field,
consistently degrade performance, while our method enhances it,
achieving greater improvements in the joint field setting.

dress this problem, previous methods have made great ef-
forts to learn effective geometric transformations from 2D
to 3D space, but in a fully data-driven and implicit manner,
which may limit performance improvement to some extent.
Therefore, in this work, we aim to explore auxiliary tasks
that are helpful to enhance the network’s 3D geometry esti-
mation capabilities, so as to facilitate multi-view 3D object
detection.

Recently, radiance field methods, such as Neural Radi-
ance Field (NeRF) [28] and 3D Gaussian Splatting (3DGS)
[13], have shown strong geometry estimation capabili-
ties in 3D reconstruction [27, 36, 41, 47] and simulation
[45, 50, 52, 53] using knowledge-based geometric con-
straints and physical priors. Inspired by their success in oc-
cupancy prediction [11, 30, 31, 51] and BEV segmentation
[2] tasks, we expect them to be also helpful for 3D object
detection, which is yet under-explored in the community.

To explore the impact of radiance fields on the detec-
tion task, we directly apply the previous radiance fields and
their rendering approach to an existing detector following
the above methods, but we observe a decline in detection
performance (Fig. 1) due to the strong responses on the
background caused by rendering the whole scene (Fig. 2).
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Figure 2. Comparison of BEV features before (left figure) and
after (right figure) using previous radiance fields.

We argue that detection differs from the above perception
tasks, in the way that it focuses on regions of interest in-
stead of the entire scene, making the scene-centric render-
ing approach unsuitable for the detection task. Therefore,
it is necessary to investigate how to make proper use of the
radiance fields to enhance the detection performance.

In this paper, we propose a geometric feature enhance-
ment approach based on the radiance fields to focus on mod-
eling foreground objects of interest in both 3D voxel and
2D BEV space. For 3D voxel feature enhancement, we
employ object-centric radiance fields (OcRF) to enhance
foreground features via an auxiliary task of rendering 3D
foreground objects. Specifically, we use the hybrid gener-
alizable radiance fields combining NeRF and 3DGS to en-
hance 3D geometry estimation, and we develop an object-
centric rendering approach tailored for the detection task by
narrowing down the optimization goal from scene-level to
object-level. This enables the radiance fields to more ef-
fectively and efficiently focus on modeling foreground ob-
jects of interest. It is worth noting that the rendering ap-
proach as an auxiliary head for training can be removed
during model inference to reduce the network’s computa-
tional burden. For 2D BEV feature enhancement, we pro-
pose height-aware opacity-based attention (HOA) to en-
hance foreground features based on geometric opacity, the
side-product of rendering, which suggests the existence of
foreground objects. Specifically, considering the variations
in object distributions across different height levels (such
as the presence of pedestrians and trees in lower-height
levels and the absence of pedestrians in higher ones), we
generate opacity-based attention maps at different height
levels separately via multiple networks in parallel. These
weights are applied to the BEV features, enabling the model
to adaptively emphasize critical foreground features while
suppressing invalid background noise.

Our contributions are summarized as follows:

* To our best knowledge, we are the first to apply radiance
fields to multi-view 3D object detection in autonomous
driving. We employ 3D foreground object rendering
based on object-centric radiance fields as an auxiliary task
to enhance geometry estimation within 3D voxel space.

* We further make use of opacity -the side-product of
rendering- to enhance the foreground BEV features while

suppressing irrelevant background noises. Considering
the variation of object distributions at different height lev-
els, we generate weights based on opacity at different
height levels separately via multiple networks in parallel.

* Our method is evaluated on the nuScenes validation
and test datasets [1], outperforming previous state-of-
the-art methods.

2. Related Work

Since we focus on the task of multi-view 3D object detec-
tion and incorporate radiance fields to assist detection, we
review recent works in multi-view 3D object detection, in-
cluding depth-based and query-based detectors, and provide
a brief overview of the radiance fields for perception.

2.1. Multi-View 3D Object Detection

Depth-based detectors. This type of detector estimates 3D
geometry by learning depth distributions. BEVDet [10] fol-
lows LSS [34] to lift multi-view 2D camera features into
3D through implicit pixel-wise discrete depth prediction.
BEVDepth [17] emphasizes the importance of depth in 3D
geometry estimation and introduces explicit depth supervi-
sion. BEV-SAN [4] highlights the height information dur-
ing view transformation. BEVNeXt [20] introduces condi-
tional random fields to improve the accuracy of depth esti-
mation. SA-BEV [49] introduces SA-BEVPool to enhance
the geometry estimation of foreground objects by leverag-
ing semantic segmentation as supervision. DualBEV [15]
further extends this approach and proposes Prob-LSS to ig-
nore invalid background features. Benefiting from the low
computational cost of the depth-based methods, we choose
this type of detector as our baseline, and introduce the radi-
ance fields to enhance the geometry information of the fore-
ground features, while emphasizing the height-aware repre-
sentations in the radiance field.

Query-based detectors. This type of detector directly pre-
dicts 3D geometry in the BEV space by utilizing cross-
attention to relate 2D image features with 3D queries. BEV-
Former [18, 46] constructs a unified BEV space and de-
signs spatial cross-attention to query the spatial 2D features.
Based on BEVFormer, HeightFormer [43] introduces the
height predictor to highlight the height information in BEV
space. DETR3D [39] employs a sparse set of learnable ref-
erence points as 3D object queries to index 2D features.
Based on this, Sparse4D [22] proposes a deformable 4D ag-
gregation module to boost detection performance based on
multi-dimensional features. SparseBEV [24] uses pillars in-
stead of reference points as the 3D queries. QAF2D [12] in-
troduces a pre-trained 2D detector to generate precise sparse
3D queries. RayDN [23] samples along camera rays to con-
struct hard negative queries. OPEN [8] employs object-wise
depth instead of typical pixel-wise depth for accurate detec-
tion. Our approach is also compatible with these methods,
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Figure 3. Overview of our method. It introduces the object-centric radiance fields (Sec. 3.2) and height-aware opacity-based attention
(Sec. 3.3) within an existing detector to enhance 3D geometry estimation in both 3D voxel and 2D BEV space.

further enhancing the detection performance.

2.2. Radiance Field in Perception

Recently, radiance field methods have demonstrated strong
geometry estimation capabilities in perception tasks such as
occupancy prediction and BEV segmentation. In occupancy
prediction, UniOcc [30] and RenderOcc [31] explicitly im-
pose spatial geometric constraints through volumetric ray
rendering. GaussianFormer [11] uses 3D Gaussian repre-
sentations to model 3D scenes and performs occupancy pre-
diction through Gaussian-to-voxel splatting. In BEV seg-
mentation, GaussianBEV [2] uses 3D Gaussian representa-
tions for scene modeling and performs BEV segmentation
via BEV splatting. The aforementioned scene-level radi-
ance field methods are unsuitable for the detection task due
to the introduction of irrelevant background information. To
address this, we propose a novel approach tailored for the
detection task.

3. Methodology

In this section, we first give an overview of our proposed
multi-view 3D object detector, and then provide a de-
tailed introduction to our proposed geometric enhancement
method based on radiance fields.

3.1. Overview

We propose OcRFDet, a geometric feature enhancement ap-
proach based on the radiance fields, to enhance the detec-
tion network’s 3D geometric modeling capabilities, build-
ing upon an existing detector. As illustrated in Fig. 3,
our approach consists of two important modules: OcRF

and HOA. In the following, we briefly describe the whole
pipeline.

Image encoder. We use an image backbone with a feature
pyramid network as the image encoder, which takes multi-
view images as inputs, and encodes them into high-level
image features.

2D-to-3D view transformation. This module transforms
the image features from the multiple views to the bird’s eye
view. Following [17], we employ its Depth Net to predict
depth probabilities, and a view transformer to lift the image
features into pre-defined voxel space.

Object-centric radiance field. The OcRF module is de-
signed to enhance the voxel features. We adopt hybrid gen-
eralizable radiance fields to improve generalization ability
and 3D geometry estimation, and design an object-centric
rendering approach tailored for detection task. Please refer
to Sec. 3.2 for more details.

Height-aware opacity-based attention. The HOA mod-
ule is designed to enhance the BEV feature. We introduce
Height Slice Attention (HSA) into multi-scale opacity fields
to obtain opacity-based attention maps at different height
levels, and these weights are applied to the BEV features
across different channel levels for enhancement. Please re-
fer to Sec. 3.3 for more details.

Detection head. Based on the refined BEV features, we
adopt a center-based 3D object detection head [48] to pre-
dict the object categories and 3D bounding boxes.
Optimization. We jointly optimize the detector and the ra-
diance field branch end-to-end. The entire loss function is
formulated as a summation of the detection loss, the render-
ing loss, and the BEV mask loss:

L= Ldet + Lrende’r + Lmask7 (l)
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where the detection loss L4 is the same as the baseline de-
tector. Please refer to Sec. 3.2.3 for rendering 10SS Ly cnder
and Sec. 3.3.2 for BEV mask loss L, qsk-

3.2. Object-Centric Radiance Field

As shown in Fig. 3 (a), the object-centric radiance fields
consist of hybrid generalizable radiance fields and an
object-centric rendering approach. In the following, we pro-
vide a detailed explanation of each component.

3.2.1. Hybrid Generalizable Radiance Fields

Since traditional radiance fields rely on per-scene optimiza-
tion, it is crucial to develop representations that can general-
ize across unseen scenes, particularly for the detection task.
To this end, following [25] and [44], we employ multiple
MLPs to decode 3D voxel features into randiance field rep-
resentations, rather than typically encoding them from 2D
RGB images. Moreover, we adopt a hybrid representation
from 3DGS and NeRF to enhance generalization ability and
improve geometric estimation.

Specifically, for the 3DGS representations, the attributes
include position pg, scale sy, rotation 74, opacity oy,
and color cy,. For position, we directly scale the voxel co-
ordinates to align with the actual perception range. Mean-
while, the remaining attributes are predicted through a
Gaussian_MLP. The specific predictions are formulated as:

Sgs = Softplus(S_MLP(F,)),
rgs = Normalize(R_M LP(F,)),

2
045 = Sigmoid(O_MLP(F,)), @
cgs = Sigmoid(C_MLP(F,)),
where S_MLP(-), RMLP(-), O-MLP(-), and

C_MLP(-) each consists of a two-layer MLP. Be-
sides, following [25], we apply specific activation functions
to ensure the predicted values align with their physical
ranges. For the NeRF representations, the attributes include
density dperr and color weight wycr¢. Similarly, these
attributes are predicted through a NeRF_MLP, and the
network corresponding to each attribute consists of a
two-layer MLP, and we apply specific activation functions
to ensure the reasonability of predicted values.

As a result, we obtain the necessary attribute values,
which are then used for rendering. These attribute val-
ues, predicted from high-level 3D voxel features, enable our
model to generalize across diverse scenes.

3.2.2. Object-Centric Rendering

With the radiance field attributes available, we apply cor-
responding rendering techniques to generate RGB images
and depth maps from specific viewpoints. Here, we ran-
domly select one viewpoint from multiple views to ren-
der for a low computational cost. Specifically, for 3DGS
attributes {pgs, Sgs, T'gs, Ogs, Cgs }» We apply a degenerate
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depth-guided splatting regularization method [5], establish-
ing a one-to-one correspondence between each 3DGS and
a pixel to render the selected viewpoint. For the NeRF at-
tributes {dnerf, Wnerf}, We compute the opacity attribute
Onerf, as follows: Operyr = 1 — e~ ners  and the color
attribute ¢y is then obtained by applying the predicted
color weights to the image plane features. After computing
these NeRF attributes, we perform simple degenerate vol-
ume rendering, where only one point is sampled per ray to
render the selected viewpoint, while producing the corre-
sponding depth as the distance between the sampled point
and the camera.

Unlike previous methods [2, 31] that optimize the en-
tire scene, we only compute the loss values for the fore-
ground regions based on the 2D labels, mapped from the
3D boxes to the image plane of the corresponding view-
point. This object-centric rendering encourages both the
Gaussian_-MLP and NeRF_MLP to focus on modeling the
foreground objects, thereby enhancing the quality of the
voxel features. To maintain geometric consistency between
the two radiance field networks, we further optimize the lin-
ear fusion of their rendered results:

If:a'-[gs‘f'ﬁ']nerf» (3)
Df :a'Dgs +6'Dnerf7

where {Iys, Inerr} and {Dgys, Dyerp} are the RGB im-
ages and depth maps rendered by 3DGS and NeRF, re-
spectively; o and 3 are the learnable hyper-parameters, and
a+ 8 =1 (a8 > 0). Additionally, the scene-level opti-
mization is employed as a warm-up phase to guide the ini-
tial training of the Gaussian_MLP and NeRF_MLP, and the
whole rendering process is not involved during inference.

3.2.3. Rendering Loss

We optimize the radiance field branch with the mean
squared error loss, structural similarity index measure loss
[40], and I1 loss, as follows:

LrendeT = >\mse : Lmse + Assim : Lssim + )\ll : Lll; (4)

where L, s and Lgg;, are typically used to render the RGB
images, and L;; is additionally introduced to enhance geo-
metric modeling for depth map rendering; A, ses Assim and
A1 denote the weights for balancing loss items. Specifi-
cally, L, se and Lg;,, can be calculated as:

N
Lmse = %Z Z [(Iz - jz) ® Mi]Qa

=1 jer,

®)

N
1 .
Lisim = + 2 Z 1— SSIM(I; ® My, I; ® M), (6)
i=1 jer,



where N is the number of samples; I represents the ground
truth of RGB images; M is the 2D binary mask, where
pixels inside the 2D ground truth boxes are set to 1 and
those outside are set to 0; I, contains the predicted results
{146, Inerg,Is}; SSIM(-) represents the SSIM function.
Similarly, Ly can be calculated as:

N
1 .
L= > I(Di—Di)o M, )

=1 pep,

where D represents the ground truth of depth maps contain-
ing the cropped foreground objects; D, contains the pre-
dicted results {Dys, Dpers, Dy}

3.3. Height-Aware Opacity-based Attention

As shown in Fig. 3 (b), the HOA consists of an opacity fu-
sion and multi-scale height slice attention. In the following,
we provide a detailed explanation of each component.

3.3.1. Opacity Fusion

To enhance the geometric information of BEV features, we
leverage the opacity field, a side-product of radiance field
rendering, as it inherently encodes geometric knowledge
within the radiance fields. We introduce an opacity fusion
that fuses two geometric opacity fields {ogs, Onerf } through
a cross-attention mechanism, establishing fine-grained as-
sociations between the two fields and enhances the repre-
sentation of geometric information:

oy =CAQ,K,V), (8)

{Q :Oner_f,K = Ogs,V = Ogs, ifa < ,8

) 9
Q =0gs; K = 0pers, V = Onery, ifa>f ©)

where C'A(-) denotes the cross-attention operation; a and
3 are the learnable hyper-parameters in Eq. 3. When the
rendered images from some certain radiance field (3DGS
or NeRF) have a higher weight (a or (3), it reflects its su-
perior rendering quality and high-quality geometry opacity.
In such a case, the corresponding opacity field serves as the
query @ in the cross-attention mechanism, while the other
field acts as the key K and value V.

3.3.2. Multi-Scale Height Slice Attention

Based on the above fused opacity field, we further generate
an attention map, which will be applied to the BEV features
so as to highlight foreground objects.

Height slice attention. To refine the opacity field based
on inner dependencies, we use self-attention at each layer.
Inspired by previous works [4, 43] that highlight the im-
portance of height information in BEV features, and con-
sider the diverse distributions of objects at different heights,
we employ multiple self-attention blocks in parallel, each
for a certain height range. Specifically, the given opacity
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Figure 4. Illustration of multi-scale height slice attention.

field is divided into k£ groups along height. Each of them
is separately processed through MaxPooling, followed by
a 1 x 1 convolution, converting the local geometric opac-
ity information for each height interval into a correspond-
ing geometric attention map. These attention maps are then
concatenated in the order of height. Finally, a sigmoid acti-
vation function projects the attention map values to a range
between 0 and 1, aligning them with their physical ranges.
Multi-scale integration. As shown in Fig. 4, a three-layer
opacity pyramid is employed to integrate opacity informa-
tion across multiple scales. Specifically, 3 x 3 convolution
and deconvolution operations are applied to capture opacity
at different scales. During scale transformation, HSA high-
lights the essential opacity information along the height di-
mension, while cascade connections retain original opacity
details, enhancing the integration of multi-scale opacity.
BEV mask prediction. To suppress noises from the back-
ground regions, we add an auxiliary task of BEV mask pre-
diction, following [14]. This mask is predicted by a 1 x
1 convolution and optimized by a combination of binary
cross-entropy loss and dice loss [29], as follows:

Lmask = AI'.-c.?. . Lbce + )\dice . Ldice.; (]0)

where Apce and Ag;.. denote the weights for balancing loss
items.

4. Experiments

In this section, we will first introduce the dataset and evalua-
tion metrics, followed by the implementation details. Then,
we compare our method with the state-of-the-art methods.
Finally, we will show the ablation studies and visualization.

4.1. Experimental Setup

Datasets and evaluation metrics. We evaluate our method
on the nuScenes validation and test datasets [1]. We
use the mean Average Precision (mAP) and nuScenes detec-
tion scores (NDS) to evaluate our detection results, where
NDS is a comprehensive metric that combines the errors
of object translation (mATE), scale (mASE), orientation
(mAOE), velocity (mAVE), and attribute (nAAE).
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Table 1. Comparisons with the state of the art on the nuScenes validation set. All methods use ResNet-50 [7] with FPN [21] as the

image encoder, and the image resolution is set to 256 x 704.

Methods Frames | mAP1t NDS1 | mATEl mASE] mAOE]| mAVE| mAAE]

BEVDet [10] 1 29.8 379 0.725 0.279 0.589 0.860 0.245
BEVFormer [18] 1 29.7 379 0.739 0.281 0.601 0.833 0.242
FB-BEV [19] 1 31.2 40.6 0.702 0.275 0.518 0.777 0.227
BEVDepth [17] 1 342 40.7 0.645 0.273 0.599 0.890 0.240
DualBEV [15] 1 352 425 0.640 0.271 0.542 0.838 0.216
OcRFDet (Ours) 1 36.8 43.4 0.620 0.269 0.519 0.848 0.242
BEVDet4D [9] 2 31.6 449 0.691 0.281 0.549 0.378 0.195
BEVFormer [18] 2 33.0 459 0.686 0.272 0.482 0.417 0.201
BEVDepth [17] 2 36.8 48.5 0.609 0.273 0.507 0.406 0.196
BEVStereo [16] 2 37.2 50.0 0.598 0.270 0.438 0.367 0.190
FB-BEV [19] 2 37.8 49.8 0.620 0.273 0.444 0.374 0.200
SA-BEV [49] 2 37.8 49.9 0.617 0.270 0.441 0.370 0.206
DualBEV [15] 2 38.0 50.4 0.612 0.259 0.403 0.370 0.207
OcRFDet (Ours) 2 40.0 50.9 0.582 0.277 0.518 0.375 0.216

Table 2. Comparisons with the state of the art on the nuScenes test set. By default, the image backbone is set as V2-99 [38], initialized
from DD3D [32]; the image resolution is set to 640 x 1600. T indicate the use of ConvNeXt-B [26] as the image backbone. All methods
consider the historical temporal information of 8 frames and employ 60-epoch training schemes for fair comparison.

Methods mAP1 NDST | mATE] mASE] mAOE] mAVE] mAAE]
SOLOFusion 1 [33] 54.0 61.9 0.453 0.257 0.376 0.276 0.148
SparseBEV [24] 543 62.7 0.502 0.244 0.324 0.251 0.126
StreamPETR [37] 55.0 63.6 0.479 0.239 0.317 0.241 0.119
DualBEV [15] 55.2 63.4 0.414 0.245 0.377 0.252 0.129
VideoBEV 1 [6] 55.4 62.9 0.457 0.249 0.381 0.266 0.132
Sparse4Dv2 [22] 55.6 63.8 0.462 0.238 0.328 0.264 0.115
BEVNeXt [20] 55.7 64.2 0.409 0.241 0.352 0.233 0.129
RecurrentBEV [3] 56.4 64.4 0.427 0.238 0.327 0.257 0.133
QAF2D [12] 56.6 64.2 0.461 0.240 0.326 0.261 0.121
RayDN [23] 56.5 64.5 0.461 0.241 0.322 0.239 0.114
OPEN [8] 56.7 64.4 0.456 0.244 0.325 0.240 0.129
OCRFDet (Ours) 57.2 64.8 0.421 0.253 0.331 0.248 0.130

Implementation details. We select DualBEV [15] as our
baseline. The BEV grid size is set to 128 x 128 for the
nuScenes validation dataset, and adjusted to 256 x 256
for the nuScenes test dataset. We integrate previous multi-
ple frames following BEVDet4d [9]. Following 4DGS [42],
the scene-level optimization is used as a warm-up during the
first 2 epochs here. The hyper-parameter £ in HSA is set to
4. We set the loss weights \ise, Assims Ails Abces Adice aS
10, 1, 1, 10, and 10 to balance the loss values of auxiliary
tasks and the detection task. Please refer to the supplemen-
tary material for more training details.

4.2. Main Results

We compare our OcRFDet with previous state-of-the-art
methods on the nuScenes validation and test datasets.
As illustrated in Tab. 1, for the nuScenes validation
dataset, our OcRFDet achieves 36.8% mAP and 43.4%
NDS performance with one single frame, which outper-
forms the state-of-the-art method (DualBEV) by 1.6 pp
w.r.t. mAP and 0.9 pp w.r.t. NDS. When using 2 consec-

utive frames as inputs, OcRFDet achieves 40.0% mAP and
50.4% NDS performance, which outperforms the DualBEV
by 2.0 pp w.r.t. mAP and 0.5 pp w.r.t. NDS. These results
demonstrate the effectiveness of our method.

Furthermore, as illustrated in Tab. 2, for the nuScenes
test dataset, our OcRFDet achieves 57.2% mAP and
64.8% NDS performance when using a longer 8-frame se-
quence as inputs, which outperforms DualBEV by 2.0 pp
w.r.t. mAP and 1.1 pp w.r.t. NDS. Additionally, when com-
pared to the state-of-the-art method (OPEN), which focuses
on the temporal module, our OcRFDet maintains superior-
ity and yields a new state-of-the-art result. These experi-
ments further demonstrate the effectiveness of our method.
More comparisons on the Waymo Open dataset [35] are
provided in the supplemental material.

4.3. Ablation Studies

In this section, we conduct ablation studies to investigate
the effectiveness of our OcRFDet. All method variants with
one frame are trained with 20-epoch training strategy on
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Figure 5. Visualization results of the 2D reference points.

Table 3. Comparisons of BEVFormer-tiny [18] as the baseline.

Methods Backbone BEV size | mAP 1 NDS 1
BEVFormer 252 355
BEVFormer + Ours| Reohet30 50x30 1504 369

Table 4. Ablations of each component.

Methods mAP1 NDS 1 Latency (ms) |
Baseline 34.1 40.3 93.46
+ OcRF 35.0 41.9 109.89
+ HOA 35.5 42.2 112.36

the nuScenes validation dataset. The latency tests are
conducted on a single RTX 3090 GPU without TensorRT.
Generalization to query-based baseline. As shown in
Tab. 3, when using BEVFormer-tiny [18] as our baseline
on the nuScenes validation set, our method brings the
improvements of 2.2 pp w.r.t. mAP and 1.4 pp w.r.t. NDS.
Furthermore, as shown in Fig. 5, we visualize the 2D refer-
ence points with their weights in the BEVFormer encoder,
and clearly find that our method makes the reference points
of foreground have higher weights. These results demon-
strate our method generalizes well to query-based detectors.
Effectiveness of each component. As shown in Tab. 4,
compared with the baseline, our OcRF brings 0.9 pp w.r.t.
mAP and 1.6 pp w.r.t. NDS improvements by enhancing 3D
geometric features. On top of it, further adopting our HOA
improves the performance by 0.5 pp w.r.t. mAP and 0.3 pp
w.r.t. NDS by enhancing 2D BEV features. When combin-
ing both components, the results are improved significantly
by 1.4 pp wr.t. mAP and 1.9 pp w.r.t. NDS. These re-
sults demonstrate the effectiveness of each component. Ad-
ditionally, we also test the latency of each component. The
two components reveal an extra latency of 18.90 ms in total,
with 16.43 ms from OcRF and 2.47 ms from HOA, which
is minimal and thus friendly to applications.

Ablations of hybrid radiance fields. As shown in Tab.
5, using a single radiance field leads to a drop in detection
performance and rendering quality. These suggest a strong
correlation between geometric modeling capacity and de-
tection accuracy. Hybrid radiance fields improve geometric
consistency and structural completeness, enhancing feature
quality and ultimately boosting detection performance.
Effectiveness of depth rendering. As shown in Tab. 6,
compared with only rendering RGB images, the depth ren-

Table 5. Ablations of hybrid radiance fields.

3DGS NeRF | mAPT NDS 1T SSIM 1
v 34.7 414 0.6803
v 345 413 0.6678

v v 35.0 41.9 0.7073

Table 6. Ablations of depth rendering.

RGB Image Depth Map mAP 1 NDS 1
34.1 40.3
4 34.6 41.1
4 4 35.0 41.9

Table 7. Ablations of optimization goal.

L SSIM t
Optimization Goal mAP7T NDS 7T Foreground _ Entire scene
scene 33.8 40.1 0.6211 0.5731
object 34.7 41.5 0.6793 0.4825
scene + object 35.0 419 0.7073 0.6134

dering brings 0.4 pp w.r.t. mAP and 0.8 w.r.t. NDS perfor-
mance improvements by introducing explicit 3D geometric
information. This result demonstrates the effectiveness of
depth rendering in enhancing detection performance.
Effectiveness of rendering optimization goal. As shown
in Tab. 7, optimizing the entire scene alone results in a
0.3% mAP and 0.2% NDS performance drop compared to
the baseline. When optimizing the foreground objects, we
observe significant performance improvements of 0.9 pp
w.r.t. mAP, 1.4 pp w.r.t. NDS, and a rendering quality im-
provement of 5.82 pp w.r.t. SSIM. These results indicate
our object-centric rendering is effective and more suitable
for the detection task. Furthermore, using scene-level op-
timization as a warm-up phase further improves detection
performance by 0.3 pp w.r.t. mAP and 0.4 pp w.r.t. NDS,
indicating that this combination offers optimal results.
Ablations of opacity fusion. As shown in Tab. 8, when
only using the opacity field from 3DGS to generate opacity-
based attention, the mAP drops by 0.8 pp and the NDS by
0.8 pp; when only using it from NeRF, the mAP also drops
by 0.9 pp and the NDS by 1.0 pp. We attribute this to the
fact that the fused opacity incorporates richer geometric in-
formation compared to a single-source opacity, thereby pro-
viding greater benefits for detection. This experiment high-
lights the necessity of opacity fusion. Please refer to sup-
plemental material for the ablations of fusion strategies.
Effectiveness of height slice attention. The results are
shown in Tab. 9, when we remove our HSA, while retaining
the multi-scale integration, the detection results drop w.r.t.
both metrics. When applying a weight-sharing version of
HSA by setting & to 1, the detection performance also drops,
which shows the rationality of our HSA design. Moreover,
while more height division (larger k) can capture more rich
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DualBEV

LIDAR_TOP

OcRFDet

Figure 6. Qualitative detection results on images and the BEV space on the nuScenes validation set. We show the true positive boxes in
oreen, and the incorrect prediction boxes in red. We use red rectangles to highlight the comparisons of ours with DualBEV.

Table 8. Ablations of opacity fusion.

Opacity Source Fusion mAP1T NDS 1
3DGS X 34.7 414
NeRF X 34.6 41.2

3DGS + NeRF v 35.5 42.2

Table 9. Ablations of height slice attention.

Strategy k mAP1 NDS 1 | Latency (ms)
None - 349 414 -
1 35.0 41.7 0.37
2 353 41.9 0.71
HSA 4 | /5 422 1.31
6 355 42.3 2.04

height information, we find that setting & = 4 obtains the
optimal balance between performance and latency. These
results demonstrate the effectiveness and rationality of our
HSA module. Please refer to supplemental material for the
ablations of multi-scale height slice attention.

4.4. Visualization

Detection results. As shown in Fig. 6, we clearly find that
our method shows fewer incorrect prediction boxes, includ-
ing false and missed detections, especially for occluded and
distant objects. These demonstrate that our approach is ef-
fective for detecting these challenging objects. More quali-
tative results are provided in the supplemental material.
Rendering results. As shown in Fig. 7, we present ren-
dering results from three different views. We observe that
our object-centric optimization produces clearer foreground
objects compared to scene-level optimization, with high-
quality rendered depth maps. These results demonstrate that
our method’s radiance field achieves a stronger geometric
modeling capability for foreground objects.

BEV heatmap comparison. As shown in Fig. 8, our
method using opacity-based attention maps exhibits higher-
recall feature responses for distant objects compared to Du-

Ground Truth
=

Scene-level Optimization Object-level Optimization Depth Map

il

BACK_RIGHT FRONT_LEFT __ FRONT

Figure 7. Visualization of rendering results.

DualBEV
OcRFDet

Figure 8. Comparison of BEV heatmaps. We show the ground
truth boxes in greengreen, and the prediction boxes in blue.

alBEV, and the localization of feature responses is more
aligned with the ground truth in crowded scenes. These in-
dicate that our method effectively enhances features from a
geometric perspective, further demonstrating the effective-
ness of our approach.

5. Conclusion

In this paper, we propose OcRFDet, a geometric feature en-
hancement approach based on the radiance fields, designed
to enhance the geometric information of foreground objects.
Specifically, we employ object-centric radiance fields to en-
hance 3D voxel features via an auxiliary task of render-
ing foreground objects. Additionally, we propose a height-
aware opacity-based attention to generate opacity-based at-
tention maps to refine 2D BEV features. Extensive exper-
iments demonstrate the effectiveness of our OcRFDet. Fi-
nally, we hope OcRFDet will further advance research on
radiance fields for multi-view 3D object detection.
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